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Abstract—Everyday, the frequency of incidence of cancer 

disease is rising. It is one of the most fatal diseases in the 

world with several types and there is a few reliable data 

about incidence and mortality rates of cancer and its types. 

Thus, the prediction of the rates becomes challenging task 

for human beings. For this reason, several machine learning 

algorithms have been proposed to provide effective and 

rapid prediction of uncertain raw data with minimized error. 

In this paper, Support Vector Regression, Backpropagation 

Learning Algorithm and Long-Short Term Memory 

Network is used to perform lung cancer incidence prediction 

for ten European countries those records have been started 

from 1970. Results show that the prediction of incidence 

rates is possible with high scores with all algorithms; 

however, Support Vector Regression performed superior 

results than other considered algorithms. 

 

Index Terms—lung cancer, support vector regression, 

backpropagation, long-short term memory 
 

I. INTRODUCTION 

The cancer is called a malignant tumor, which is caused 

by an irregular division of any tissue or organ in cells [1]. 

When the treatment is not possible, it causes serious 

discomfort or death. From the past to the present, cancer 

cases have always been seen and continue to be seen in the 

future. For early diagnosis and the treatment of cancer 

diseases, studies and experiments have been carried out 

[2]-[5]. Although cancer cases can be diagnosed more 

quickly with the help of developing technology, it may 

cause death in cancer cases which can grow rapidly or 

metastasis to different regions. 

There are many different types of cancer and this needs 

wide range of work to be studied. But, in spite of these 

studies, there are delays in diagnosis and treatment that 

causes losses because of cancer cases worldwide.  

Although several types of cancer in both male and 

female exist, the most epidemic types of cancer in the 

world are lung, breast, prostate, stomach, liver, thyroid, 

ovary, esophagus, leukemia, pancreas [6]. 

There are a total of 184 countries in the world that have 

cancer registry and 28 cancer predictions that shows the 

increments of recent cancer incidences and cancer-related 

deaths [7]. Beside these, new cancer cases in the world are 

increased and became 14.1 million. In addition, the 

number of deaths related to cancer disease was 8.2 million. 
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Some of the most diagnosed cancer types in the world are 

lung cancer (13.0%), breast cancer (11.9%) and colon 

cancer (9.7%) [7]. Most of the deaths are occurred by lung 

cancer (19.4%), liver cancer (9.1%) and gastric cancer 

(8.8%) as stated that cancer-related deaths occurred. 

The report of World Health Organization [8] mentioned 

that the total number of new cases of lung cancer, which is 

considered in our study, is 18,078,957 million considering 

all age groups and both genders in the world. In addition, 

the number of deaths related to this cancer type is 

9,555,027 million. 

While the lung cancer has the highest mortality rate and 

the number of new cases [9], we will focus on lung cancer 

in our study. Therefore, we will examine the lung data in 

more details. 

The comparison of previous and final reports shows that 

the total number of new lung cancer cases in the world has 

increased by about 4 million in 6 years and the number of 

deaths due to lung cancer, increased 1.3 million. 

As it is common problem for our world, the most 

developed continent Europe has also struggle with this 

problem.  Lung cancer rates of Europe are as follows [7]: 

 Incidence for Lung Cancer -Both Sexes: 252,746 

(12.1%).  

 Mortality for Lung Cancer - Both Sexes: 173,278 

(9.8%).  

However, the starting years of the records of cancer 

incidences and mortality differs for each country and this 

makes predictions more difficult and the reliability of 

results becomes unstable. Thus, in this research, starting 

year is selected as 1970 which only 10 countries or regions 

have records at that year in Europe. These countries are 

Germany, Denmark, Estonia, Finland, Iceland, Norway, 

Slovakia, Slovenia, Sweden and Geneva region of 

Switzerland.  
Artificial Intelligence and Machine Learning 

algorithms have gained an importance since last two 

decades to assist human-beings in order to improve the 

ability for analyzing the unstable data and to make stable 

decisions on them. They have been implemented almost in 

the every field of our lives.  Machine learning algorithms 

have been developed to classify, predict or minimize the 

raw data. Since the proposed methods are not suitable for 

all kind of applications, several algorithms proved their 

ability in the prediction of data. Most common prediction 

algorithms are Support Vector Regression (SVR) [10], 

[11], Long Short Term Memory (LSTM) Network [12], 
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Backpropagation Neural Network [13], [14], Radial Basis 

Function [15], Linear Regression [16] etc. 

Kourou et al. [17] investigated several ML algorithms 

in order to determine the efficiency of machine learning 

techniques in cancer prognosis and prediction. They 

concluded that the researches are focused on supervised 

models for the development of predictive algorithms. 

Implementation of ML algorithms in bioinformatics has 

gained an importance. Malvezzi et al. [18] used a Linear 

Regression model for the prediction of cancer mortality 

rates for the European Union and Ribes et al. [19] used 

Bayesian models to predict both incidence and mortality 

rates in Catalonia.  

Alhaj and Maghari [20] implemented Random Forest 

and Rule Induction Algorithms to predict the cancer 

survivability rates in the Gaza Strip.  

Recently, Jung et al. [21] used a Jointpoint regression 

model to predict cancer incidence and mortality rates in 

Korea for 2019.  

In this paper, we predicted the cancer incidence rates of 

ten European countries mentioned above, starting from 

1970 to 2012 using machine learning models, Support 

Vector Regression, Long-Short Term Memory Network 

and Backpropagation Neural Network. 

The rest of the paper is organized as follows: Section 2 

introduces the considered machine learning algorithms 

and Section 3 explains the design of experiments. Section 

4 and Section 5 presents the results and discussions, 

respectively. Finally, Section 5 concludes the obtained 

results of this research and mentions the future works. 

II. MACHINE LEARNING ALGORITHMS 

This section gives brief introduction about Machine 

Learning (ML) algorithms considered in this research 

namely Backpropagation Learning Algorithm (BPLA), 

Long-Short Term Memory (LSTM) and Support Vector 

Regression (SVR). 

Several machine learning algorithms had been proposed. 

Some of them are based on statistical analysis of data and 

some of are neural-based models. Each algorithm had 

proved its efficiency in different kinds of applications and 

dataset. It is obvious that the efficiency and the success of 

the algorithms are strongly data-dependent. Therefore, the 

use of multiple ML algorithms and the comparative 

evaluation of considered algorithms are required for all 

kinds of applications. In this research, we have 

implemented three ML algorithms to perform comparative 

study and to determine the optimum for considered data. 

A. Backpropagation Learning Algorithm 

Backpropagation is a learning algorithm for multi-layer 

perceptron that updates weights of each neuron using 

gradient descent algorithm. Initial weights are generally 

randomly assigned and it starts by feeding inputs to the net 

and calculating total potential of following hidden layer by 

corresponding weights. 
Activation function produces the output of each neuron 

and same calculations are repeated until output layer. At 

that layer, actual outputs are compared by targets and error 

is calculated. According to these error values, weights are 

updated until the convergence of neural network. 

Backpropagation learning algorithm was used in 

several real-life applications in classification, prediction 

and optimization problems [14].  

Fig. 1 shows general architecture of Backpropagation 

neural networks. 

 

Figure 1. General architecture of backpropagation neural networks 

B. Long-Short Term Memory Network 

LSTM is an effective special version of recurrent 

network and generally used for classification and 

prediction problems [22], [23]. Four major components 

are formed its architecture: cell, input gate, output gate and 

forget gate. Forget gate is used for the removal of 

irrelevant data and input gate accepts the data form forget 

gate. Output gate produces the output of the LSTM cell 

using Sigmoid activation function. It uses gradients to 

update weights however, it remembers previous errors and 

this improves the error minimization of network in a short 

time. 

Fig. 2 shows general architecture of LSTM. 

 

Figure 2. General architecture of LSTM (Image courtesy of 

stackexchange.com) 

C. Support Vector Regression 

Support Vector Regression is a kind of Support Vector 

Machines with a few changes to accept real value outputs 

instead of binary numbers. It is effectively used in 

prediction problems [24], [25]. It minimizes error by 
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maximizing the margin of hyper-plane. It creates the 

sub-class from training data which is called support 

vectors and tries to minimize the distance between the 

observed data and predicted data in order to improve the 

performance. 

Fig. 3 shows general architecture of SVR. 

 

Figure 3. General architecture of SVR 

III. DATASETS AND DESIGN OF EXPERIMENTS 

The 2012 reports of World Health Organization and 

Globacan [8] was used for Lung Cancer prediction for 

male and female separately. The data for 10 countries and 

42 years were considered in experiments. However, the 

registration of cancer incidence records of the countries is 

not started to from the beginning of record dates, the initial 

start date of the records was decided to be used from 1970 

in order to minimize missing data and improve prediction 

accuracy. The minimized number of missing values was 

replaced with the data imputation technique, the nearest 

neighbor value.   

Data normalization was performed by a Min-Max 

normalizer to normalize data between 0 and 1 for each 

attribute. The formula of Min-Max normalizer is given in 

(1). 

𝑍𝑖 =
(𝑥𝑖−min⁡(𝑥)

max(𝑥)−min⁡(𝑥)
                           (1) 

where xi represents the real sample and, min(x) and max(x) 

denotes the minimum and maximum of the corresponding 

attribute. 

Experiments were divided into two categories 

according to the gender. Then, each category was divided 

into sub-categories by considering training and testing 

samples sizes. Both of the sub-groups consists 60% and 70% 

of training ratio. 

Totally 12 experiments were performed in order to 

analyze the reliability of the prediction results by 

considering different number of training and testing data 

and to achieve superior results by different algorithms. 

Evaluation was performed according to 3 metrics, Mean 

Squared Error (MSE), R
2
 Score and Explained Variance 

(EV) Score which are the main indicators of the success of 

predicted results and models. 

 

Mean Squared Error calculates the squares of error of 

estimator and it is defined as: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑌𝑖 − 𝑌̂𝑖)

2𝑛
𝑖=1                      (2) 

where n is the total number of samples and 𝑌𝑖 and 𝑌̂𝑖 are 

the predicted and expected outputs of estimator 

respectively. 

Explained Variance Score is another evaluation criteria 

of an estimator and also known as the regression sum of 

squares. It is defined as: 

𝐸𝑉𝑠 = ∑ (𝑓𝑖 − 𝑦̂)2𝑖=1                         (3) 

where𝑓𝑖 is the predicted values and 𝑦̂ is real sample. 

R
2
 Score is variance of predictable sample from the 

independent sample. It is defined as: 

𝑅2 =
𝐸𝑉𝑠

𝑈𝑉𝑠
                                (4) 

where EV is defined in Equation 3 and UV is unexplained 

variations of samples. 

Fig. 4 demonstrates the general block diagram of the 

performed experiments.  

 

Figure 4. General block diagram of the performed experiments 

IV. EXPERIMENTAL RESULTS 

In this section, results of performed experiments will be 

presented in details. As it was mentioned above, 12 

experiments were performed in two groups for male and 

female, and two sub-groups for 60% and 70% of training 

data respectively. SVR, BP and LSTM network were used 

for the prediction. 

Five-layered topology was used with Sigmoid 

activation function for both LSTM and Backpropagation 

neural networks. Radial Basis Function Kernel was used in 

SVR and γ and ε values were used as 0.005 and 0.01 

respectively. 

After several experiments optimum results were 

obtained after 350 epochs in Backpropagation, and 250 

epochs in LSTM. Following subsections presents the 

obtained results for both male and female data.  

A. Experimental Results for Male Group 

For Male data, SVR produced superior results than 

Backpropagation and LSTM for all training samples for 

the prediction of lung cancer incidence with all indicators. 

MSE, R
2
 and EV scores were obtained 0.00019, 0.9977 and 

0.9980 respectively for 60% of training data and 

0.0001341, 0.9999 and 0.9999 for 70% of training data 

which were the highest scores. 

Table I shows the details of the results for Male Group 

with 60% and 70% of training samples respectively. Fig. 5 

shows the prediction graph for SVR for both training sets 

of Male data. 

 

Journal of Advances in Information Technology Vol. 11, No. 2, May 2020

© 2020 J. Adv. Inf. Technol. 93



 

TABLE I.  RESULTS OF MALE GROUP PREDICTION 

60% Training 

Result SVR LSTM Backpropagation 

MSE 0.000196 0.00701 0.00566 

R2 0.99770 0.91800 0.93300 

EV 0.9980 0.93200 0.93700 

70% Training 

Result SVR LSTM Backpropagation 

MSE 0.0001341 0.00600 0.00440 

R2 0.9999 0.92270 0.9423 

EV 0.9999 0.92600 0.9440 

 

 

Figure 5. Prediction graphs of SVR for both training sets in Male Group 

B. Experimental Results for Female Group 

For Female data, similar to other experiments, SVR 

produced superior results for the prediction of lung cancer 

incidence with all indicators. MSE, R
2
 and EV scores were 

obtained 0.00023236, 0.997002 and 0.99700 respectively 

for 60% of training data and 0.0000661, 0.998890 and 

0.99990 for 70% of training data which were the highest 

scores. 

Table II shows the details of the results for Female 

Group with 60% and 70% of training samples respectively. 

Fig. 6 shows the prediction graph for SVR for both 

training sets of Female data. 

TABLE II.  RESULTS OF FEMALE GROUP PREDICTION 

 60% Training 

Result SVR LSTM Backpropagation 

MSE 0.00023236 0.006905 0.002170 

R2 0.997002 0.91090 0.97200 

EV 0.99700 0.93800 0.97300 

 70% Training 

Result SVR LSTM Backpropagation 

MSE 0.00006612 0.00234 0.00243 

R2 0.998890 0.96079 0.95930 

EV 0.99990 0.97300 0.97300 

 

 

Figure 6. Prediction graphs of SVR for both training sets in Female 
Group 

Even though superior results were obtained by SVR, 

when the comparison is performed between LSTM and 

Backpropagation, it can be seen that Backpropagation 

achieved relatively better results in prediction of lung 

cancer incidences than LSTM. Fig. 7 shows the graphs of 

best prediction results of Backpropagation and LSTM for 

both groups. 

 

Figure 7. Best prediction graphs (a) backpropagation for 70% training of 
Female Group and (b) LSTM for 70% training of Female Group 
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V. DISCUSSIONS 

The results obtained in the experiments should be 

analyzed in two different ways, as the performance of 

considered models and the effect of training ratio on 

prediction performances of models. 

In Male group experiments, it was observed that the use 

of 70% of total data for training increases the prediction 

performance of machine learning models. However, it was 

observed that the increment of training ratio in Female 

group causes little decrease in Backpropagation when R
2
 

and EV scores are considered. Also, increased MSE value 

was observed in Backpropagation with 70% of training 

ratio. Fig. 8 presents the prediction graphs of LSTM, 

Backpropagation and SVR for female and male 

groupsusing 60% of training ratio. But, similar to male 

group experiments, the performances of SVR and LSTM 

improved almost in all performance indicators when 70% 

of training ratio was considered. 

 
(a) 

 
(b) 

Figure 8. Prediction graphs for SVR, LSTM and BP using  60% of 
training ratio, (a) Female data (b) Male data. 

Therefore, it can be concluded that the increment of 

training data would minimize the error between predicted 

and observed data, thus increase the performance of the 

models to perform predictions. 

The analyzes of obtained results show that machine 

learning models are suitable to predict untrained cancer 

incidence rates with high scores which would be used for 

the prediction of future rates and provide public awareness 

for cancer types. 

VI. CONCLUSION 

Cancer disease has a huge incidence and mortality rate 

worldwide. Reliable and steady data is not available 

because insufficient records. Lung cancer has highest 

mortality rates and this makes it more important to analyze 

the available data either it is insufficient.  

Prediction of this kind of data is one of the most 

challenging tasks in machine learning and suitable 

algorithms should be selected to perform it. 

In this paper, lung cancer incidence rates of male and 

female data for ten European countries were analyzed and 

prediction was performed using Support Vector 

Regression, Backpropagation and Long-Short Term 

Memory Network. Prediction results are analyzed by 

using most efficient evaluation criteria in the literature; 

MSE, R
2
 and EV scores.  Successful results were obtained 

for all algorithms; however, Support Vector Regression 

performed outstanding prediction results with the 

minimum error and the maximum prediction results. By 

considering other two algorithms, it was followed by 

Backpropagation and LSTM respectively.  

Future work will include the implementation of more 

machine learning algorithms for the prediction of more 

cancer types for all European countries and dividing this 

predictions into age groups will considered to analyze the 

incidence rates for age groups. Also, mortality rates will be 

included to predict both incidence and the mortality rates 

of patients. 
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